Abstract-MR images are increasingly used for diagnostic and surgical procedures, as they offer better soft tissue contrast and advanced imaging capabilities. Similar to other imaging modalities, MR images are also subjected to various forms of noises and artifacts. The noise affecting MRI images is known as Rician noise and displays a nonlinear and signal dependent behavior. In this paper we propose a nonlinear filtering method for Rician noise denoising. Nonlinear filters are more capable in addressing signal dependent behavior of noise and offer good denoising with better edge preserving capabilities. A nonlinear filter based on homomorphic filter characteristics has been designed to address Rician noise in MR images. The proposed filter has been implemented on synthetic images and MR images of the articular cartilage. The efficiency of the proposed filtering method is verified by computing the PSNR and SSIM index of the image. The proposed nonlinear filter performs good denoising with improvement in the image quality as observed from the PSNR values of the image. It also offers edge preservation and can be used for both structural MRI and soft tissue study effectively Index Terms-Homomorphic filters, MRI denoising, Rician noise, signal dependent filtering.
I. INTRODUCTION
The noise affecting MR images is known as Rician noise. This noise is introduced because of the magnitude image formation of MRI data and follows a Rice distribution function [1] . MRI images are converted to magnitude images and phase images by using magnitude and phase details from the k-space data obtained during image acquisition, respectively [1] , [2] . The noise in k-space MRI data is usually assumed to be Gaussian white noise with zero mean [1] , [2] . This reconstruction of the raw MRI data in to magnitude image; results in nonlinear behaviour of noise. It also affects both the SNR and the contrast of the MR image and makes noise dependent on the signal [2] . A wide variety of filters and filtering procedures have been studied to obtain adequate denoising in presence of Rician noise. Denoising techniques using wavelets, non-local means, median filters and anisotropic diffusion filters have all been previously suggested for Rician noise removal. The non-local means method is primarily designed for Gaussian noise removal and makes use of local neighbourhood within the image for filtering [3] . It computes Gaussian weights by using Euclidean distance between similar intensity patches within the image to perform denoising [3] . Non-local means filtering does not consider noise in the image to be Rician and isaarya@ utas.edu.au, danchi.jiang@utas.edu.au, T.Gale@utas.edu.au).
can cause excessive blurring if filtering parameter is not correct [3] . Anisotropic diffusion filters proposed by Perona and Malik are nonlinear filters and work by using local intensity within the homogenous regions for smoothing [4] .The smoothing operation is controlled by a diffusion process, obtained from partial differential equation of heat and stops in the presence of an edge, thus preserving edge details [4] . Median filters too are nonlinear filters and make use of local statistics for noise removal, but are found to be more suitable for suppressing impulsive noise [5] . Median filters and anisotropic diffusion filters are both nonlinear filters with good edge preserving capabilities.
Most of the above mentioned procedures do not consider the effect of dependent noise on the signal while filtering. Hence even though these procedures offer sufficient denoising they are not able to isolate noise from the true MR signal and may face limitation while estimating true signal intensity, when denoising. We know that Rice noise due to their signal dependent nature modifies the true intensity of the signal and changes contrast levels in the image. Hence, in this paper we will address Rician denoising based on signal dependent behaviour of noise with help of nonlinear filters. Section II will briefly describe signal dependent filters and noise, while Section III will explain the proposed denoising method with simulation results in Section IV, followed by conclusion in Section V.
II. SIGNAL-DEPENDENT FILTER AND NOISE
Our investigation of the signal dependent behaviour of Rice noise brought us to homomorphic filters for nonlinear filtering of noise [6] . Homomorphic filters are nonlinear filters in the spatial domain [6] . They require a transformation function, to separate signal and noise in the image, thus making noise linear and independent of signal [6] . Noise in this form is no longer signal dependent and can be easily filtered from the image with existing denoising procedures [6] . Homomorphic filters also require an equivalent inverse transformation function to return the filtered data back to the original equation [6] . A similar concept has been developed to make Rician noise independent of the true signal intensity. Once the noise has been made independent of the signal it undergoes filtering for noise removal and later the filtered data is transformed back into the magnitude equation. This process leads to betters estimation of the true signal intensity and is computationally more efficient.
Noise can only be considered independent of signal, if its probability distribution function is no longer dependent on the signal parameter and it can be written in a linear form [7] . Signal dependent noise can be broadly classified into multiplicative noise such as the speckle noise and signal-modulated additive noise such as film grain noise [6] , [7] . Equation (1) represents multiplicative signal dependent noise known as speckle noise which commonly affects ultrasound images [7] . The "additive signal-modulated noise" model is a general model developed by John Walkup et.al to represent signal dependent behaviour of noise and is given by equation (2) [7] . Where, "r" is the observed signal, "s" is the true signal, f(s) is the signal function and "n" is noise.
r s n 
Equation (2) is based on the assumption that the noise is stationary with zero mean, uncorrelated with the signal function and represents linear signal dependent noise [7] . Noise in MRI magnitude equation is also very similar to equation (2); where noise is both signal dependent and additive. At the same time Rician noise is also nonlinear due to magnitude image formation, from information of real and imaginary components of the signal with respect to noise [8] .
Equation (3) (3) we can observe that noise is still signal dependent and nonlinear. Hence, a nonlinear filter is required for denoising of magnitude MR images.
III. PROPOSED DENOISING PROCEDURE
We propose a signal dependent filtering procedure, for Rician noise using magnitude equation given by (3). The proposed filter design tries to decouple noise from the true signal function, before filtering for noise removal [9] . It is then followed by an intuitive filtering process which tries to minimize error due to noise, using mean square estimate process using Wiener filter, on the observed noisy signal. Such a denoising operation tries to maintain the fidelity of the image without introducing any artifacts due to the filtering process and does not cause any considerable change to the original signal function. This filtered data is then used for reconstructing a noise free estimate of the image by using an inverse transformation operation. This denoising process is divided into two stages; the first stage involves transformation of nonlinear magnitude equation to make noise independent of the signal and the second stage involves filtering of the noise followed by an inverse transformation of the filtered signal; together they form a nonlinear homomorphic filter for signal dependent noise [9] . The process is explained in more detail in the following sub-sections. Fig. 1 indicates the flow chart for the proposed filter method.
A. Transformation of Image
Transformation operation is performed on the image to separate noise from the signal [9] . This transformation operation can involve any mathematical procedure such as square, logarithmic, Laplace transform, Wavelet transform etc. to simplify a nonlinear equation. Such a transformation operation enables existing image enhancement procedures to be implemented on the image [9] . A similar transformation function is implemented on the Rice magnitude equation, given by equation (3) . This transformation operation involves taking square of the magnitude equation, followed by a logarithmic operation. The square operation is performed on the magnitude equation so that one can gain access to individual signal and noise components and is shown by equation (6) .
Estimation of noise in MR image can be determined from the background pixels using second order moment of the Rice distribution function [10] . 2 n E M A       (7) Equation (7) gives us the second order moment of the Rice distribution function [10] . Due to absence of true intensity signal in the background of the MR image, the Rice distribution function follows a Rayleigh distribution and the value of true signal intensity A , is equal to zero in the background [10] . An estimate of noise variance in the image can then be computed by using equation (8) 
This variance is assumed by us, to be similar to the sum of the real and imaginary components of Gaussian noise and is subtracted from the magnitude image to reduce the overall effect of noise component in the image as shown in equation (10).
In equation (11), A represents the true signal intensity of the MR image, M  is the observed data with overall reduced noise variance and r n is the real component of noise still present in the image. Equation (11) is simplified further by a logarithmic transformation. The logarithmic operation helps to separate the signal and noise component, thus reducing the magnitude equation into a linear form and decoupling noise from the signal [9] . Equation (12) is further used for the filtering process. Wiener filter is now used for the denoising process, as it is more efficient in removing linear additive noise [11] . Wiener filter tries to minimize mean square error of the image function by estimating the noise free signal component from the observed signal as shown by equation (14) [11] .
where, x is the desired noise free signal and x is the output of the Wiener filter with observed noisy data given by equation (15) as shown below,
The expectation of the mean square error output due to Wiener filter can be written as follows [12] ,
From equation (18) [12] . For additive noise given by equation (2), noise has zero mean and is uncorrelated with signal function. Hence, the cross-spectral density of desired and noisy signal can be replaced with the cross-spectral density of desired signal, such that xx xy r r  [12] . Wiener filter in frequency domain is used for purpose of denoising and is given by equation (22) where xx P is the power spectral density of the desired signal with respect to power spectral density of observed signal [12] , [13] .   [12] , [13] .
A 5 × 5 Gaussian blur kernel is used as point spread function for the filter, as the source noise in k-space is considered to be Gaussian in nature. Gaussian kernel can be of any size and depends entirely on the end user, although a larger kernel helps in a faster simulation process. Wiener filter too requires a prior knowledge of spectral density of true signal and noise for optimal filtering [13] . The power spectral density of Gaussian white noise is a constant flat spectrum [7] , [13] and for the filtering process is estimated from background of the transformed image using equation (9) . The spectral density of true signal in practice is not known, but can be estimated in different ways [13] , [14] . For the given filtering process we have used the periodogram of the observed signal as an estimate of the power spectral density of true image [13] , [14] . Equation (24) [14] , [15] .
The filtered image undergoes inverse transformation to return the image data back to the magnitude equation, with the reduced effect of noise component. For our inverse transformation we have calculated exponential of the filtered data followed by a square root operation. Equations (25) The result of the denoising process is shown in Fig. 2, Fig.  3 and Fig. 5 . One can also use other filters instead of Wiener filter for denoising depending on the application of the user. If the noise had been multiplicative with the signal intensity it would have been more appropriate to use geometric mean filter which is more useful in denoising signal dependent multiplicative noise [10] .
IV. ILLUSTRATIVE SIMULATION
The above filtering procedure was implemented on MR images of the articular cartilage of the knee and spine image. MR images of the articular cartilage of knee were obtained using T2-weighted fat suppressed imaging sequences. These MR images were obtained from Menzies Research Institute database, Tasmania, Australia, while the image of the spine is a commercially available image obtained from MATLAB toolbox, both of which were used for the purpose of the simulation study. A total of 62 MR image slices of the articular cartilage were used to test the denoising procedure in presence of soft-tissue structure. Primarily histogram, PSNR, MAE and SSIM [16] were used to estimate the image quality after the denoising process. Filtered images of the spine and articular cartilage from Fig. 2 and Fig. 3 respectively, indicate that we have obtained considerable denoising for Rice noise. Also, a visual comparison of the histogram of the true image Fig. 2 b) and filtered image Fig. 2 f) of the spine, closely resemble each other indicating adequate denoising.
As predicted, nonlinear filter does not cause excessive blurring of the edges in the image or of the cartilage tissue. The denoising procedure also shows considerable improvement in the contrast levels of the filtered image. The noisy and filtered images for MRI slices 05, 21, 43 and 50 of the articular cartilage dataset are shown in Fig 5 . Table I. shows a comparison results between the filtered and noisy images of the knee cartilage and spine for the proposed denoising procedure. Both the noisy and filtered images of the spine have been compared to the true image, for determining PSNR and SSIM index [16] . The filtered cartilage image has been compared with the observed image, due to absence of true noise free image of the knee. The noise estimated in the knee MRI from the background is of standard deviation 13.54 and that for the spine image is 6.69 using equation (8) . A plot of PSNR versus standard deviation of noise was also prepared for study of the denoising process at higher values of noise, using the spine image. The original spine image was subjected to noise of different standard deviation and a plot of PSNR of the filtered and noisy image was computed for the corresponding standard deviation of noise.
The PSNR value of the filtered image was found to be higher than that of the noisy image and decreased as the standard deviation of noise increased along the horizontal axis as shown in Fig. 4 .
The noise estimation in the proposed filter design has limitations when zero-intensity background is absent in the image. Also, we observe that the proposed transformation function does not make noise completely independent of the signal, which could still lead to insufficient denoising. Future work may include a modified Wiener filter design with a 
V. CONCLUSION
In this paper, a nonlinear filter based denoising procedure has been proposed from our observation of the advantages offered by homomorphic filter and Weiner filter. An intuitive reasoning process offered by Wiener filter has been included to deduct the denoising procedure. The simulation results show the efficiency of the proposed method for signal dependent filtering of Rician noise. It can also be observed that the proposed filter helps in better preservation of edge details. As such, it can be used in soft tissue denoising where extreme loss of edge details can be prevented while performing denoising or other image enhancement procedures.
The future research focus can include a more advanced implementation of the filter design using a suitable image transformation to make noise completely independent of the signal and an even more accurate estimation of noise for a more efficient denoising procedure with improved contrast and edge preservation capabilities.
